The methylenetetrahydrofolate reductase (MTHFR) gene is one of the most investigated of the genes associated with chronic human diseases because of its associations with hyperhomocysteinemia and toxicity. It has been proposed as a prototype gene for the prevention of colorectal cancer (CRC). The major objectives of this meta-analysis were to examine the polymorphismmutation patterns of MTHFR and their associations with risk for CRC as well as potential contributing factors for mutations and disease risks. This analysis included 33,626 CRC cases and 48,688 controls across 92 studies for MTHFR 677 and 16,367 cases and 24,874 controls across 54 studies for MTHFR 1298, comprising data for various racial and ethnic groups, both genders, and multiple cancer sites. MTHFR 677 homozygous TT genotype was protective (p < .05) for CRC for all included populations; however, with heterogeneity across various racial-ethnic groups and opposing findings, it was a risk genotype for the subgroup of Hispanics (p < .01). Additional countries for which subgroup analyses resulted in 677 TT as a risk genotype included Turkey, Romania, Croatia, Hungary, Portugal, Mexico, Brazil, U.S. Hawai'i, Taiwan, India, and Egypt. Countries with the highest mutation rates and risks for both MTHFR 677 and 1298 genotypes are presented using global maps to visualize the grouping patterns. Metapredictive analyses revealed that air pollution levels were associated with gene polymorphisms for both genotypes. Future nursing research should be conducted to develop proactive measures to protect populations in cities where air pollution causes more deaths.
The methylenetetrahydrofolate reductase gene (MTHFR) is one of the most investigated of the genes associated with various chronic human diseases through the mechanism of epigenetics, as identified through the genome application framework (McBride, 2012; Wade, McBride, Kardia, & Brody, 2010) . Of particular interest in the context of the present metaanalysis, the National Human Genome Research Institute lists MTHFR as a prototype gene for the application of prevention studies for colorectal cancer (CRC). The two most common loci polymorphism-mutation variations involved with MTHFR are C677T (rs 1801133) and A1298C (rs 1801131). These two single nucleotide polymorphisms are about 2,000 base pairs of deoxyribonucleic acid (DNA) apart in the complete human genome sequence (http://ghr.nlm.nih.gov/gene/MTHFR). As the MTHFR enzyme is encoded by the MTHFR gene for homocysteine remethylation to methionine, polymorphism mutations in MTHFR are associated with MTHFR enzyme deficiency, which can lead to hyperhomocysteinemia and toxicity and health issues including neurologic symptoms and occlusive vascular symptoms such as thrombosis (Balion & Kapur, 2011; Refsum et al., 2006; Sibani et al., 2003) . With an MTHFR 677 TT homozygous mutation, up to 70% of the enzyme function is lost; and with a 677 CT heterozygous mutation, there is a 35% loss of enzymatic function. In contrast, with an MTHFR 1298CC homozygous mutation, there is approximately a 30% loss of enzyme function, while a 1298 AC heterozygous mutation leads to a 15% loss of function. Individuals with compound polymorphisms or mutations of both the MTHFR 677 and 1298 loci are rare and are at increased risk of developing severe health conditions with neurologic and vascular symptoms.
In laboratory testing, with 5 min of heat treatment at 46 C followed by a return to 37 C, MTHFR enzyme deficiency was associated with marked hyperhomocysteinemia and homocystinuria (Kang, Zhou, Wong, Kowalisyn, & Strokosch, 1998; Leclerc, Sibani, & Rozen, 2000) . The degree of MTHFR enzyme thermolability (defined as a reduced level of activity in response to the action of moderate heat) is much greater with the MTHFR 677 homozygous mutation TT genotype as compared to the 677 CT heterozygous mutation, and polymorphism mutations in MTHFR 1298 and other loci are not associated with MTHFR enzyme thermolability (Kang et al., 1998; Leclerc et al., 2000; Sibani et al., 2003) . Investigators have discovered that additional MTHFR loci polymorphisms and mutations, other than those at 677 and 1298, are associated with reduced enzyme activity; however, these associations have not yet been fully investigated (Leclerc et al., 2000; Sibani et al., 2003) .
The mechanism of low folate levels, regulated by MTHFR, is well documented regarding its various subtypes and their associations with cancer as well as a plethora of major cardiovascular and neurodevelopmental diseases associated with high homocysteine levels (Chen et al., 2010; Crider, Maneval, et al., 2012; Crider, Yang, Berry, & Bailey, 2012) . Through the one-carbon metabolism enzyme pathways, the folate, MTHFR gene, and methylation pathways are critical to basic biological processes involving DNA and protein methylation as well as DNA replication and mutation (Crider, Maneval, et al., 2012; Inoue-Choi et al., 2012 Jamaluddin, Yang, & Wang, 2007) . Methylation pathways and MTHFR gene variations affect the development of cancer and disease prognoses; thus, their effects need to be monitored closely with the cancer treatment. Furthermore, the effects of genome variations in the methylation pathways on health outcomes, including variations on the MTHFR gene, need to be validated with effective triangulation methods and disseminated for cancer prevention.
Individuals with gene mutations in the methylation pathways and dysfunctional regulation of DNA methylation have particular trouble processing environmental toxicants. Air pollution, so common in modern societies, causes damage to the methylation pathways similar to that caused by cigarette smoking, and the damage is worse in the individuals with gene mutations (Guo et al., 2014; Kloog, Ridgway, Koutrakis, Coull, & Schwartz, 2013; Mallone et al., 2011) . Air pollution, like cigarette smoking, is a well-known carcinogen that causes DNA damage. The toxicants are inhaled and pass through the respiratory system into other organs (Pope et al., 2011) . Pollution particles, particulate matter smaller than 2.5 μm (PM 2.5), can pass through the lungs, leading to plaque deposits in the cardiovascular system that cause systemic inflammation (Myers et al., 2013; Wellenius et al., 2012) and increased homocysteine levels (Ren et al., 2010) . The result is a progressive impairment in the conversion of key enzymes in the regulatory pathways, producing free radicals, such as peroxynitrite and superoxides and inflammatory substances that cause a range of health problems.
While various studies and meta-analyses have reported the polymorphism-mutation patterns of MTHFR loci for various racial and ethnic groups, the risks for CRC associated with these polymorphisms have been inconsistent across studies. Additionally, while there have been16 studies published to date on polymorphism mutations in MTHFR using the conventional meta-analysis method, there has been little consistency across these studies in recognizing the risk genotypes or the variation of risk across different populations. Thus, a gap exists in the literature regarding a reliable meta-analysis that identifies the risk genotypes of MTHFR across different populations. Deeks, Higgins, Altman and the Cochrane Statistical Methods Group (2008) have suggested that meta-predictive analysis is an appropriate method to use in cases of heterogeneity in metaanalysis findings. Therefore, the next level of innovative metaanalytic approaches beyond the standardized ratios can be applied to provide further insights into the identification of the polymorphism mutations of the MTHFR genotypes. In particular, big-data analytics can be applied to identify potential factors contributing to the heterogeneity of findings, including the use of data visualization techniques to identify distribution patterns on a global map of polymorphism mutations of MTHFR genotypes and of potentially associated health risks. Accordingly, the major objective of the present meta-analysis, extending findings of previous metaanalyses on this topic, is to examine the polymorphismmutation patterns and risk subtypes of the MTHFR gene for CRC for the world population. The secondary objective is to use meta-predictive analysis to identify the potential contributing factors for MTHFR gene polymorphisms and associated risks for CRC.
Method
Following the guidelines for reporting meta-analyses of observational studies (Stroup et al., 2000) , we searched the online databases of PubMed, PubMed Central, and Airiti Library from all available studies, from 1996 (year in which the first related study was published) to February 2015. We used the search terms colon cancer, colorectal cancer, MTHFR gene, MTHFR in colorectal cancer, environment, diet prevention, folate, lifestyle, behavior, case-control design, and meta-analysis, limiting the results to human studies. Additionally, we used previous meta-analysis and review papers to cross check and trace back to all original studies. We searched the various databases thoroughly at three different times at least 3 months apart until we could identify no additional articles. We entered the resulting articles into a database organized by key words. Two raters, one who was familiar with the literature search process and organization and one who was familiar with meta-analytic methods, conducted the literature search to identify all possible case-control studies.
We excluded articles that did not report case-control studies or have the appropriate genotype allele counts per case and control groups. We did not restrict our search based on language of publication or country of study as long as the articles included an abstract in English and tables that clearly listed the genotype allele counts. Figure 1 presents our study selection process. Of the 251 articles we identified involving MTHFR and CRC, we excluded 105 from the analysis because they were not case-control studies as well as 16 previous meta-analyses.
From the remaining 130 articles, we excluded 31 for not having MTHFR genotype allele counts or for having only one case cohort group. Of the remaining 99 studies, 9 involved subsidiary or redundant use of data contained in other included studies that had more current and/or complete information, thus we excluded them as well. After further review, we excluded 11 more articles that were about polyps or adenomas rather than cancer. Finally, we had 79 articles with usable genotype data for pooled analysis (Figure 1 ). We checked data extractions and entry for accuracy and ran the preliminary analyses to make sure the ranges of entries and pooled results were accurate for all studies.
We evaluated each study for quality using a set of indicators appropriate for the current state of science for the field, integrated from multiple sources on the assessment of studies. The sources for these criteria included the U.S. QUOROM consensus process on the quality of meta-analysis (Moher et al., 1999) , guidelines on quality reporting for observational studies (Downs & Black, 1998; Stroup et al., 2000) , and the quality evidence from a previous meta-analysis of MTHFR and CRC (Kennedy et al., 2012) . The details of the quality indicators that we used to assess the studies included in the meta-analysis are presented in Supplementary Table S1 . The range for the total quality score is 0-29. We combined three subscores to obtain the total score: (1) external validity, with 10 items on demographic data (score range of 0-11); (2) internal validity, with 12 items on research methods and procedures (score range of 0-12); and (3) Data and study results reporting (score range of 0-6).
Characteristics of Original Studies
We separated studies with genotype allele counts for additional subgroups of racial or ethnic groups, gender, and cancer types from the 79 studies included and listed them per case and control groups, yielding an additional 13 studies for a total of 92 study groups (Table S2) . Specifically, two studies had data more than one racial or ethnic group for both case and control groups (Keku et al., 2002; Le Marchand et al., 2002) , yielding three additional study groups, while 10 studies included data by gender groups and/or by cancer locations yielding a total of 92 study groups (Table S2 ). The studies in this meta-analysis were published from 1996 to 2014 and comprised 92 studies, or study groups, with data for the MTHFR 677 genotype and 54 that included MTHFR 1298 genotype counts. Study populations were drawn from countries and continents across the globe (Australia, Europe, North America, South America, and Asia and Africa). We checked the racial and ethnic compositions of each study to be sure we properly accounted for data from distinct groups versus mixed racial or ethnic groups. The most investigated racial or ethnic populations in these studies were White (45 studies) followed by Asian (28 studies, including 7 Southeastern Asians and Pacific Islanders), then mixed race (10 studies), Middle-Eastern Asian (5 studies), Hispanics (2 studies), and African (2 studies). The list of studies included in this analysis, as well as key studies and meta-analyses excluded, follows Supplemental Table S2 .
Along with the geographical location of each study, we also entered the population sizes and checked the air quality data for that location. Specifically, we verified from various sources of the most current air pollution data, including the death rates from air pollution (death rates per million, Level 2 ¼ 50-100, Level 3 ¼ 101-250, Level 4 ¼ 251-400, and greater; Kenworthy & Laube, 2002; World Health Organization [WHO], 2004 , 2009 and further verified the scales on air pollution status with current scales on air pollution data (http:// www.airnow.gov/index.cfm?action¼aqibasics.aqi) before entering the data into the analyses.
The range of total quality scores for all studies was 15-25 (out of a possible range of 0-29). The reviewed studies thus all scored above 50% of the total possible score, suggesting that their findings are trustworthy (Moher et al., 1999) . For all of the studies, we checked the Hardy-Weinberg Equilibrium (HWE) analysis, which was developed to assess the distribution equilibrium of the evolutionary mechanisms in population genetics (Sha & Zhang, 2011; Wittke-Thompson, Pluzhnikov, & Cox, 2005) . Departure from the HWE with a p value < .05 may be associated with factors such as population migration or stratification and disease association. As presented in Table S2 , we checked HWE status in the reports of original studies and verified the reported findings with additional calculations. Where there were discrepancies between the HWE reported in the original articles and our subsequent calculations, we have reported the results of our calculations in the table, with a notation added. As there were a number of studies for which original results or our subsequent calculations indicated a Potential relevant studies identified (n = 251)
Excluded for not case control study (n = 121, 16 meta-analysis) Potential studies retrieved for evaluation (n = 130)
Excluded for being about polyps or adenomas (n = 11)
Excluded for no MTHFR genotype allele count (n = 31) Potential studies to be included (n = 90) Studies with usable data by genes and outcomes (n = 79) Excluded for duplicate studies or repeated data (n = 9) Potential studies retrieved for further evaluation (n = 99) Figure 1 . Progression on the selection of studies for the metaanalysis.
departure from HWE, we performed subgroup analyses with these studies. The results of these subgroup analyses, however, did not yield significant differences for pooled analyses. Therefore, we included all studies, regardless of HWE status, in the meta-analysis. This approach is consistent with the approaches used in recent meta-analyses involving MTHFR and CRC (Kennedy et al., 2012; Teng et al., 2013) .
All studies in this meta-analysis included the use of biological samples of blood, tissue, buccal saliva, or a combination of two of these for DNA analysis. Researchers collected these biological samples prospectively with 100% accuracy for testing from all those studies that reported accuracy; based on the current literature, we would thus expect 100% accuracy for the genotyping analyses. We checked the distributions for all three genotypes in each study to be sure that they were within the limit of expected ranges. In addition, we pooled the distributions for each of the wild type, heterozygous mutation or homozygous mutation types within each country to check for the total number of samples accrued per country (see Supplemental Figures S1 for MTHFR 677 polymorphism-mutation distributions and Figure S2 for MTHFR 1298 polymorphism-mutation distributions for control groups and CRC cases.
Data Synthesis and Analysis
We entered data into Excel spreadsheets (Microsoft Corp, Redmond, WA) and used StatsDirect, version 2.4.7 (Cheshire, UK), to pool data analyses. We calculated pooled risk ratios (RRs) and odds ratios (ORs) for the MTHFR polymorphism subtypes between cases and controls and 95% confidence intervals (CIs) for the associations of MTHFR polymorphism genotypes with CRC. For standardized risk ratios, a pooled RR is preferred and has been used in most recent consensus reports (Deeks, Higgins, & Altman, 2008) ; however, as most of the previous meta-analysis reports on this topic presented ORs, we also pooled ORs to check the differences between the results with RRs. An RR of 1 represents ''no effect,'' < 1 indicates a protective effect (favoring the case or the CRC group), and > 1 indicates increased risks for CRC. We defined significant findings as those with p values < .05.
Because the data presented heterogeneity with regional differences on mutation rates for polymorphisms and risks, we used geographic information system (GIS) maps to visualize the distributions of polymorphisms or mutations and risks on the global maps. These GIS maps were helpful for visually identifying geographic patterns (Albrechit, 2007; ESRI, 2015) . In addition, we used recursive partition trees in the JMP 11 program (SAS Institute) to examine how an independent variable (air pollution, total quality score and quality score subcategories, gender, cancer site, and type of controls) can make a decisive split of the data by partitioning the original group into pairs of subgroups with reference to the dependent variable (polymorphism-mutation rates and risks; Breiman, Friedman, Olshen, & Stone, 1984; Speybroeck, 2012; Vanitha & Niraimathi, 2013; Yu, 2010) . The goodness of the partition can be judged using Akaike's information criterion correction (AICc). A smaller AIC suggests a better model (Akaike, 1973; Bozdogan, 2000; Burnham & Anderson, 2002; Symonds & Moussalli, 2011) . Both GIS maps and recursive trees are common big-data analytical techniques for handling large-scale and multidimensional data sets. Unlike conventional hypothesis testing, data mining or big-data analytics does not start with a predetermined hypothesis. Rather, data-driven pattern recognition plays the central role.
For triangulation purpose, we employed a conventional multiple comparison procedure (Tukey test) to examine whether partition trees and Tukey tests concurred with each other. Additionally, we used nonlinear fit to examine the associations between contributing factors such as air quality and the outcome variables (mutation rates and risks). Further insights can be unveiled when the scatterplot of bivariate distributions is converted into a heat map, in which the color spectrum is utilized to represent the frequency counts (Deng, Wang, Liu, Cheng, & Xue, 2014; Deu-Pons, Schroeder, & Lopez-Bigas, 2014; Yu, 2014) . We employed the preceding techniques for meta-prediction, which aims to generate more precise predictions by integrating data from diverse sources. One of the main differences between conventional statistical methods and data mining (e.g., recursive partition trees) is that big-data analytical techniques can be used to verify the results by cross validation (Mao, 2014; Yu, 2010) , yielding more accurate metaprediction.
Results
For pooled analysis of MTHFR 677, we included a total of 33,626 CRC cases and 48,688 controls in 92 study groups, including the tests of heterogeneity and association (Table 1) . As presented in Table 1 , using the control groups to represent the proportion of the general healthy population with polymorphism mutations, the rank order of populations for percentage of polymorphisms on homozygous TT for MTHFR 677 is Hispanics (20%), East Asian (18.24%), Mideast Asian (13.77%), mixed populations (12.02%), White (11.13%), African (2.52%), and finally South Asian (1.86%). Consistent with most previous reports, MTHFR 677 TT homozygous mutation type was protective for all populations pooled together (RR ¼ 0.92, 95% CI [0.87, 0.99], p ¼ .0172). The TT homozygous mutation genotype was also significant as a protective type for mixed populations in 10 studies, according to subgroup analysis (RR ¼ 0.85, 95% CI [0.76, 0.96], p ¼ .0057). Contrary to these results, the TT genotype was a risk genotype for Hispanics in two studies (RR ¼ 1.51, 95% CI [1.13, 2.02], p ¼ .0054). While not statistically significant, pooled TT genotype showed a tendency toward being a risk genotype for CRC among the African population in two studies and the South Asian population in seven studies. By contrast, pooled TT genotype also showed a tendency to be a protective genotype from CRC for White, East Asian, and Mideast Asian populations, although, again, without statistical significance.
Pooled analyses for all populations did not reach statistical significance for the other two genotypes on MTHFR 677 and heterozygous mutation CT genotype or the CC wild type. However, for the subgroup analysis, MTHFR 677 wild type CC was a protective genotype from CRC in South Asian populations (RR ¼ 0.95, 95% CI [0.91, 0.99], p ¼ .0124) but a risk genotype in East Asian populations (RR ¼ 1.06, 95% CI [1.01, 1.11], p ¼ .006). For visual examination of the geographic distributions of polymorphism mutations and associated CRC risks for MTHFR 677 to detect regional patterns for further investigation, we generated GIS maps using the JMP program (see Supplemental Figures S3 for combined TT and CT polymorphism-mutation genotypes, Supplemental Figure S4 for TT homozygous mutation genotype, and Supplemental Figure S5 for CT heterozygous mutation genotype). In Table 1 , for the heterogeneity of the pooled results within each racial or ethnic subgroup, we also pooled additional analyses for the countries that had TT as a risk genotype (RR > 1) versus those that had it as a protective genotype (RR < 1) and others (RR varied around 1). This way of subgroup distinctions also allowed clear data presentation for various countries within limited space (Figures 2 and 3 and Supplemental Figure  S6 , forest plots). The RRs for all genotypes were statistically significant for one of two opposing subgroups: MTHFR 677 TT as a risk genotype or as a protective genotype for development of CRC. MTHFR 677 homozygous mutation TT genotype was a risk type for Eastern European countries (Turkey, Romania, Croatia, and Hungary) as well as Portugal, Mexico (Hispanic), Brazil (reported as European descendent of White), U.S. Hawai'i, Taiwan, India, and Egypt (Figure 2) . In contrast, MTHFR 677 TT genotype was a protective type for many European countries (Italy, Czech Republic, Poland, Norway, and Spain) as well as the United States, Japan, South Korea, Thailand, and Jordan. Other countries presented diversity for the distribution of MTHFR 677 TT genotype, including Australia, Germany, France, the Netherlands, Sweden, the United Kingdom, China, and Iran ( Figure S6 ).
As most previous meta-analyses have reported ORs (with the base denominator of the ORs being inconsistently used in previous reports, with either CC wild genotype or TT polymorphism genotype used as the denominator), we also pooled the standardized ORs for the present analyses using the total counts as the base of ratios for MTHFR 677 genotypes (the total of three genotype counts as the base denominator of the ratios). We found consistent results between the ORs and RRs for all Relative risk meta-analysis plot (fixed effects) genotypes for the tests of heterogeneity and association (see Supplemental Table S3a for MTHFR 677). However, as expected, for tests of association, RRs presented more conservative results than ORs for MTHFR 677 genotypes.
For pooled analyses on MTHFR 1298 genotypes, we included a total of 16,367 CRC cases and 24,874 controls from 54 study groups for the tests of heterogeneity and association ( for MTHFR 1298 for all three genotypes with all populations combined did not reach statistical significance. As presented in Table 2 , using the control group as the basis to check the mutation rates in the general populations, the rank order for populations in terms of polymorphism mutations on homozygous CC for MTHFR 1298 is Mideast Asian (11.96%), White (11.09%), mixed populations (10.38%), South Asian (9.01%), African (4.53%), and finally East Asian (3.37%). For visual examination of the geographical distributions of polymorphism mutations and CRC risks for MTHFR 1298 genotypes, we generated GIS maps using the JMP program (see Supplemental Figure S7 for combined mutations of CC and AC types, Figure  S8 for CC homozygous mutation genotype, and Figure S9 for AC heterozygous mutation genotype). GIS maps enabled visual detection of regional patterns, leading to further investigation. Using MTHFR 1298 risk (RR) for CRC as an example ( Figure S7, third map) , the highest risk areas (in red) are nations in South Asia and South East Asia. MTHFR 1298 heterozygous mutation AC genotype distribution among the CRC case groups is another good example ( Figure S9 , the second map); in this map, the highest proportion of polymorphism mutations falls into South Asia, South East Asia, and North Africa. We also pooled additional subgroup analyses for MTHFR 1298 with the countries that had homozygous mutation genotype CC as a risk type (RR > 1) versus those that had it as a protective type (RR < 1) and others (RR varied around 1; Supplemental Figures S10-S12 ). MTHFR 1298 homozygous mutation CC genotype was a risk type for Romania, France, the Netherlands, Sweden, Spain, Brazil, Jordan, and Egypt ( Figure  S10) , whereas it was a protective type for Australia, Croatia, Germany, United States, South Korea, Japan, Taiwan, China, and Thailand ( Figure S11 ). Other countries presented diversity for MTHFR 1298 CC genotype distributions, including Italy, the Czech Republic, the United Kingdom, Japan, India, and Iran ( Figure S12 ). We also pooled the standardized ORs for MTHFR 1298 genotypes, using the total count of all three genotypes as the base denominator (vs. paired ratios using one of the genotypes as the base denominator as in most previous reports; see Supplemental Table S3b for MTHFR 1298). Results were consistent between ORs and RRs for MTHFR 1298 genotypes for the tests of heterogeneity and association. As expected, for the tests of association, RRs presented more conservative results than ORs for MTHFR 1298 genotypes, as with those for MTHFR 677 genotypes.
For the big-data analytics approach, the classification tree yielded the most crucial variable that could make a decisive split of the mutation and risk data. Death from air pollution trumped all other potential contributing variables (i.e., population size, source of controls, cancer site, quality score, and gender) for the polymorphism mutation and risk data in all partition tree analyses. Hence, we based subsequent analyses on the one-split partition trees (see Supplemental Figure S13 as an example). The partition tree (split groups) and Tukey's test (with p values) results are presented side by side for MTHFR 677 genotype rates and risks in Table 3 . Looking at the percentage of TT for MTHFR 677 in the control group (TT%ct) as an example, the partition tree splits the data into two groups by death from air pollution (AP [death rates from air pollution] death) with Level 2 distinguished from Levels 3 and 4. In the Tukey's test, there were significant differences between Levels 2 and 3 (p ¼ .015) and between Levels 2 and 4 (p ¼ .025) for percentage of TT on MTHFR 677. Obviously, the results from the partition tree and the Tukey's test reached a consensus for percentage of TT genotype for the control group. However, we did not find significant results in the partition trees for the RRs on the various genotypes (RRCC, RRCT, and RRTT), and the Tukey's test did not show statistical significance despite its small AICc (smaller is better). We also analyzed the partition tree and Tukey's tests for MTHFR 1298 ( Supplementary Table S4 ). Consider the example of percentage of heterozygous mutation AC genotype on MTHFR 1298 for CRC group (AC%ca): The partition tree suggests that Levels 2 and 3 were separated from Level 4, and the Tukey's tests show significant differences between Levels 2and 4 (p ¼ .002) and Levels 3 and 4 (p ¼ .026). Fewer of the Tukey's tests presented with statistical significance for MTHFR 1298 than for MTHFR 677 analyses. It is important to point out that the a cutoff (p < .05) of hypothesis testing is a convention, whereas pattern recognition may unveil certain hidden insights into the data.
We also used nonlinear associations to explore the association of the potential contributing factor, death from air pollution (AP death), with MTHFR 677 homozygous mutation percentage of TT genotype of the control group (TT%7ct; Figure S14a) . With a change in air pollution from Level 2 to Level 3, there was a substantial increase in the percentage of homozygous mutation of TT genotype. However, the line decreases slightly as air pollution increased from Level 3 to Level 4. The results on the heat map were more revealing for data density (see Supplementary Figure S15 ), with the red blocks being the areas of high data concentration and the nonlinear fit line following the dense data (the red cells). For the nonlinear association between the levels of death from air pollution (AP death) and the percentage of MTHFR 1298 CC homozygous mutation in the control group (see Supplemental Figure S14b , CC%8ct), the nonlinear fit line was virtually flat as air pollution changed from Level 2 to Level 3. However, there was a sharp drop from Level 3 to Level 4 on the fit line and also on the heat map (see Supplemental Figure S16 . the red and purple cells).
Discussion
The present study presents the most comprehensive report on the largest number of studies of any of the previous metaanalyses on this topic. In addition, we corrected errors coded and used in the previous study results and identified repeated use of data in subsidiary reports (Teng et al., 2013) . Consistent with the reports from previous meta-analyses, in the present pooled analyses for all populations, MTHFR 677 homozygous mutation TT genotype presented as a protective genotype for CRC with statistical significance (p < .05); however, there were heterogeneity and opposing findings for the subgroup of Hispanics (p < .01). Previous meta-analyses consistently indicated heterogeneity or discrepancies for MTHFR and CRC risk for various populations, perhaps due in part to the dominant population stratification from Australia, the United States, and Brazil (Haerian & Haerian, 2015) . In this meta-analysis study, the subgroup analysis with those countries that had findings contrary to those majority countries with the MTHFR 677 TT homozygous mutation genotype as a protective type was revealing to delineate the impacts of population stratification. Subgroup analyses for countries that presented MTHFR 677 TT as a risk genotype included Turkey, Romania, Croatia, Hungary, Portugal, Mexico, Brazil, U.S. Hawai'i, Taiwan, India, and Egypt. These countries tend to be located in the southern regions with warmer climates relative to the countries that had MTHFR 677 TT homozygous mutation genotype as a protective type for CRC. The global pollution levels adding to the global warming effects for countries with warmer climates played an important role in the MTHFR polymorphisms (677 vs. 1298 loci) and associated risks for CRC.
We presented countries with the highest mutation rates and CRC risk on both MTHFR 677 and 1298 genotypes using global maps to visualize grouping patterns. Additionally, we presented the polymorphism-mutation rates per country (Figures S1-S5 and S7-S9) to visualize the potential sources of heterogeneity for the regional patterns on the global maps. As the risk ratios were based on the polymorphism-mutation rates of cases versus controls, the polymorphism-mutation rates need to be identified for the grouping patterns in the global context. Metapredictive analyses revealed that air pollution levels were associated with gene polymorphisms on both MTHFR 677 and 1298. Additionally, we used standardized ratios for RRs and ORs using the total count as the denominator for all three genotypes (homozygous mutation, heterozygous mutation, and wild types) to depict the standardized RRs (vs. use of only one of the genotypes as denominator) to further understand the sources of heterogeneity of the findings. Furthermore, we examined the heterogeneity of results for the pooled analyses by RR of 1 as well as the sources of heterogeneity, including geographic regions and additional potential contributing factors such as air pollution levels and other identified nonsignificant factors. When we compared the RRs and ORs, the results on the tests of heterogeneity and association were similar, but RRs presented more conservative results than ORs for pooled analyses on both MTHFR 677 and MTHFR 1298 genotype analyses.
When interpreting the source of heterogeneity of analytical findings, an understanding of the underlying physiological mechanisms can be revealing. In a previous meta-analyses of the associations between MTHFR 677 and various cancer types and chronic diseases, which was the largest such analysis prior to this one, authors speculated that the protective effects of MTHFR 677 homozygous mutation TT genotype in CRC were perhaps related to the phenomenon of global hypomethylation in all cancers and chronic diseases (Zacho, Yazdanyar, Bojesen, Tybjaerg-Hansen, & Nordestgaard, 2011) . That is, global hypomethylation in association with the MTHFR polymorphism mutations could limit DNA strand breakage in the tissues of colorectal epithelium or bone marrow that require high DNA synthesis, thus playing a protective role in CRC and leukemia. However, the source of heterogeneity and opposing findings regarding MTHFR 677 TT genotype in various regions in the global context is still not clear, especially when considering historic global human migrations along with global climate changes and environmental pollution.
To further explore potential explanations for this heterogeneity, we can consider the observation that MTHFR 677 polymorphism mutations present with thermolability (reduced enzyme activity in response to the action of moderate heat) when compared to MTHFR 1298 mutations (Kang et al., 1998; Leclerc et al., 2000) . The populations in southern regions, including South Asia, had fewer polymorphism mutations on MTHFR 677 but greater polymorphism mutations on MTHFR 1298 than did those in northern locations. It is also well known that heat can worsen the health effects of air pollution. Additionally, global pollution combined with warmer climate may further diminish the function of folate enzymes (for MTHFR 677 function), compromising methylation pathways and affecting health status negatively for populations with various chronic diseases. Therefore, polymorphism-mutation patterns of the MTHFR gene in various geographic locations need to be investigated further in association with the enzyme activities of various loci polymorphism mutations and environmental toxicants from air pollutions. Along with a better understanding of methylation pathways and the environmental exposures to toxicants, such investigation could lead to potential prevention strategies through the methylation or detox pathways, which could play critical roles for human health. Thus, these heterogeneous findings warrant further multidisciplinary investigations for potential proactive strategies to improve the health of various populations.
We applied big-data analytical techniques in this study, in addition to the conventional pooled-analysis technique, to visualize the heterogeneity using additional advanced metapredictive analyses. While meta-regression is used commonly for advanced meta-analysis for meta-prediction (Deeks et al., 2008) , it is important to point out that regression analysis, as a linear model, is unable to detect nonlinear patterns. In this study, we performed meta-prediction using recursive partition tree, nonlinear fit, and heat maps for data visualization to reveal nonlinear patterns. Further, it is well known that regression based on R 2 tends to yield a complex and overfitted model because R 2 always goes up with additional predictors. On the other hand, AIC or AICc does not necessarily change with the addition of variables. Rather, it varies based upon the composition of the predictors; thus, it is more likely to yield an optimal model (Faraway, 2005) .
The results that the classification trees yielded in the present study were astonishingly parsimonious. Out of many potential predictors, only air pollution could decisively demarcate the polymorphism mutation and risk outcomes. Although in some analysis population size is the secondlevel splitter of the tree, this variable did not input additional information into the model because big cities are highly correlated with poor air quality. Indeed, including population size into the explanatory model would be misleading because population size per se could not increase the risk of polymorphism mutations. At most, it is a proxy measure of other risk factors such as air pollution. The nonlinear association between air pollution and polymorphism mutations or risks, as indicated by the classification trees, Tukey's tests, and heat maps, was revealing. As air pollution increased, polymorphism-mutation rates for MTHFR 677 (TT genotype) increased, while the same rates decreased for MTHFR 1298 (CC genotype).
In conclusion, our analyses revealed differences in the rate of MTHFR gene polymorphism mutations and the associated risks with CRC across different global populations. Geographical location (i.e., southern vs. northern) played an important role in the rate of MTHFR (677 vs. 1209 loci) gene polymorphisms. Coupled with increased air pollution levels, global warming may impact health negatively in populations with various chronic diseases. Specific levels of air pollution may have significant implications for policy makers for environmental health; thus, proactive measures could be implemented in cities where air pollution causes more deaths than in other regions, according to the World Health Organization's classification. Nursing and health-care research focused on developing proactive measures for population health through increasing our understanding of the methylation pathways might play a major role in improving the health of various populations.
